Abstract. Reflectance-based indices derived from remote-sensing data have been widely used for detecting fire severity in forested areas. Rangeland ecosystems, such as sparsely vegetated shrub-steppe, have unique spectral reflectance differences before and after fire events that may not make reflectance-based indices appropriate for fire severity estimation. As an alternative, average vegetation height change (dh) derived from pre-and post-fire Light Detection and Ranging (LiDAR) data were used in this study for fire severity estimation. Theoretical deductions were conducted to demonstrate that LiDAR-derived dh is related to biomass combustion and thus can be used for fire severity estimation in rangeland areas. The Jeffreys-Matusita (JM) distance was calculated to evaluate the separability for each pair of fire severity classes, with an average JM distance of 1.14. Thresholds for classifying the level of fire severity were determined according to the mean and standard deviation of each class. A fire-severity classification map with 84% overall accuracy was obtained from the LiDAR dh method. Importantly, this method was sensitive to the difference between the moderate and high fire-severity classes.
Introduction
Fire in sagebrush-steppe ecosystems plays a major role in ecosystem process and land management. Effective management of sagebrush-steppe ecosystems is hindered by the lack of information about fine-scale spatial distribution of fire severity. Fire severity assessments are used to evaluate the damage caused by fire, locate priority intervention areas, and provide information for recovery activities (Miller and Thode 2007) . Remote sensing of fire severity is a noted goal in studies of both forest and grassland wildfires (Smith et al. 2005) . As vegetation removal, increased soil exposure, changes in soil and vegetation moisture all imply changes in reflectance, fire severity has been widely related to variations in surface reflectance recorded by spaceborne multispectral systems (Jakubauskas et al. 1990 ). Methods to remotely sense fire severity, such as using a single spectral band (White et al. 1996) , the Normalized Difference Vegetation Index (NDVI) (e.g. Sunar and Ozkan 2001; Chafer et al. 2004) , and the Normalized Burn Ratio (NBR) (Lopez Garcia and Caselles 1991; Key and Benson 2006) , have not been well documented in sparsely vegetated desert-shrub ecosystems.
The present study demonstrates a method to assess fire severity in a rangeland ecosystem by estimating the vegetation change between pre-and post-fire conditions with Light Detection and Ranging (LiDAR or laser altimetry) data. The theoretical feasibility of the use of LiDAR-derived vegetation height change (dh) to estimate biomass combustion and to assess fire severity is presented. This method was applied to a sparsely vegetated shrub-steppe ecosystem in Idaho, USA. The statistical separability between each fire severity class was then calculated. The thresholds between classes were obtained and then applied to the dh data to produce a LiDAR-derived fire severity map.
Background
Fire severity is difficult to define and quantify and there is no universal definition of fire severity (Cocke et al. 2005) . Investigators estimate fire severity in the field depending on the environmental change of interest (Epting et al. 2005) . Several definitions of fire severity have been proposed according to the amount of vegetation survival (Roldan-Zamarron et al. 2006) , the percentage of tree basal area mortality (Chappell and Agee 1996) and the canopy consumption and tree mortality (Choung et al. 2004) . Although some fire severity definitions are related to soil characteristics (Charron and Greene 2002) , fire severity is often defined as a function of vegetal change and thus can be estimated by computing the amount of aboveground vegetation consumption (Michalek et al. 2000; Morgan et al. 2001; Chafer et al. 2004 ). In the current study, the term fire severity refers to the change in aboveground biomass between pre-and post-fire conditions.
The NDVI (Eqn 1) and temporal difference between pre-and post-fire NDVI ( NDVI) (Eqn 2) have been successfully used for fire severity assessment (White et al. 1996; Sunar and Ozkan 2001; Chafer et al. 2004) .
where ρ NIR and ρ RED are the reflectance of the near infrared (NIR) and red bands respectively. However, NDVI and NDVI may be inaccurate in grassland areas where fires often take place after the senescence of grasses (H. EVA Space Applications Institute and Lambin 1998; Li et al. 2004) as well as in areas that had low biomass before the fire (Rogan and Yool 2001) .
In addition, the red channel used for the NDVI computation is susceptible to atmospheric interference from dust and smoke (H. EVA Space Applications Institute and Lambin 1998). Accordingly, Rogan and Yool (2001) concluded that using shortwave infrared (SWIR) reflectance to analyse fire severity provides highest accuracies. Fire-related decreases in chlorophyll content and vegetation moisture lead to decreases in the NIR reflectance and increases in the SWIR reflectance (White et al. 1996) . The NBR (Eqn 3) and the temporal difference between pre-and post-fire NBR (dNBR) (Eqn 4) were proposed by Lopez Garcia and Caselles (1991) and Key and Benson (2006) .
where ρ NIR and ρ SWIR are the reflectance of the NIR and SWIR bands respectively. NBR values are strongly positive when vegetation is green and thriving, whereas NBR values are near zero or negative when vegetation is senesced or sparse or there is no green vegetation on the ground (such as after a recent fire). Although dNBR is reliable for mapping severely burned areas that may need long-term post-fire recovery (Cocke et al. 2005) , challenges remain in its application: inaccuracies in dNBR may occur between unburned and low-severity burned areas in extreme drought; dNBR does not adequately differentiate severity levels in the moderate to high severity range (Allen and Sorbel 2008; Murphy et al. 2008) ; and additional studies are needed to assess the dNBR index under a variety of ecological and fire conditions . Verbyla et al. (2008) demonstrated that the relatively poor performance of dNBR for mapping fire severity in Alaskan boreal regions was because the changes in surface reflectance associated with topography can alter dNBR independently of forest cover type and fire severity. NBR and dNBR were initially designed and applied for forest fire severity assessment and have been shown to have lower accuracy for fire severity in non-forested classes such as woodland, scrub, and herb cover classes (Epting et al. 2005) . The above reflectance-based methods have three other common limitations: (1) they are empirical approaches to estimate fire severity according to the relationships between fire severity and reflectivity (or reflective ratio) variation; thus they are site-specific and difficult to apply in other areas (White et al. 1996) ; (2) the use of temporal imagery needs radiance calibration, which may introduce errors in the estimation of fire severity (H. EVA Space Applications Institute and Lambin 1998; French et al. 2008) ; (3) only small differences in vegetation reflectance may occur between pre-and post-fire periods in sparsely vegetated desert shrub-steppe.
The amount of aboveground biomass consumption can serve as an index to estimate fire severity (Pyne et al. 1996; Li et al. 2004; Smith et al. 2005; Wright and Clarke 2007) . LiDAR can capture vertically distributed elements of vegetation structure and has been used to estimate vegetation height (Wang and Glenn 2008) , leaf area index (LAI) (Jensen et al. 2008) , and biomass in forested areas (Lefsky et al. 2002; Bortolot and Wynne 2005) . Although LiDAR is becoming increasingly popular, its availability at high scanning density (e.g. 4 points m −2 ), often needed for these types of applications, is not as common as optical data (e.g. Landsat). Vegetation height is commonly used as a proxy for plant biomass, which can correspond to different fire behavior (Riaño et al. 2007 ). For example, Kim et al. (2003) estimated aboveground biomass of hardwood forests through a linear relation to canopy height. However, research also indicates an underestimation of tree heights in forested areas with LiDAR (Naesset and Bjerknes 2001; Andersen et al. 2005) . This can correspond to an underestimation of total biomass (Means et al. 1999; Bortolot and Wynne 2005) . In a low-height vegetation ecosystem (e.g. rangelands), the derivation of vegetation height is more difficult because (1) the vegetation canopy and the ground are close together, making the LiDAR pulses difficult to differentiate (Wang et al. 2009 ); and (2) the typical sparseness of canopy elements leads to a low probability of laser returns from the top of the vegetation (Riaño et al. 2007) . As a result, several studies have illustrated an underestimated shrub height from LiDAR (Rosso et al. 2006; Streutker and Glenn 2006; Wang et al. 2009 ).
Materials and methods

Study area
This study took place within the Hitching Post pasture, a 3.24-km 2 fenced parcel within the US Sheep Experiment Station (USSES) located in Clark County, Idaho, USA, at an elevation of ∼1800 m (Fig. 1a) . The area is a sparsely vegetated sagebrush-steppe ecosystem characterized by extreme seasonal variability and a co-dominance of sagebrush with several grass species (West and Young 2000) . The study area has two primary shrub species: mountain big sagebrush (Artemisia tridentata ssp. vaseyana), and antelope bitterbrush (Purchia tridentata). The vegetation heights within our study site ranged from 0 to ∼40 cm before the fire.
Field data A prescribed fire was performed on 14 and 15 September 2005 and burned ∼85% of the pasture area (∼2.82 km 2 , Fig. 1b ). This study used pre-and post-fire field-based sampling to establish locations of sample sites along with a description of the vegetation, amount of bare ground, and fire severity observed at each site. Two field methods were performed: ocular and point frame. The ocular method was used to quickly estimate percentage cover of the uppermost canopy of ground cover across a 60 × 60-m plot with qualitative, coarse resolution. Categorical percentage cover (0, 1-5, 6-15, 16-25, 26-35, 36-50, 51-75, >75%) for shrub, grass, forb, litter, rock, and bare ground were estimated after thoroughly walking the plot area. The point frame method was also used to provide a relatively more accurate and robust statistical representation of true ground cover (Floyd and Anderson 1982) . The 0.5 × 1.0 m point frame establishes a dot grid overlooking underlying vegetation and bare ground. Observers view vegetation from a near-nadir standing position and record the cover types that are beneath 36 intercepted points (cross-hairs). frame measurements (Fig. 1b) . Post-fire sampling began immediately following the prescribed burn and continued for ∼1.5 months, before any green-up. The same field methods as prefire sampling were consistently repeated at the same scales and within 3-5 m of the original locations by navigating with a global positioning system (GPS) unit. A total of 236 preand post-fire samples were used for further analysis in this study. Fire severity was assessed by modifying the field methods of the US Forest Service (Bobbe et al. 2001 ) and the US Park Service (USDI NPS 2003), and the composite burn index (CBI) of Key and Benson (2006) . These methods were modified according to burn conditions in the study area in the context of a semiarid rangeland site. Attributes such as litter condition, shrub condition, surface rock, organic substrate and vegetation were incorporated from the USFS and USDI fire severity classes. Key and Benson's (2006) CBI places a ∼50% change in the herb, low shrub and tall shrub strata in the moderate fire severity category. The study area predominantly fits into shrub strata, so we incorporated the moderate severity category as having ∼50% change. In most plots and pixels, the fire either burned all vegetation (except stumps) or none; there was a small amount of partly burned vegetation. Therefore, severity at each plot was assessed based on the percentage cover of consumed aboveground vegetation and litter v. the amount of bare ground and rock. In this study, Remote-sensing data Pre-and post-fire LiDAR data were collected on 11 August and 2 October 2005 respectively by Airborne 1 (El Segundo, CA, USA) using an Optech 50-kHz scanning LiDAR System. Only first return data (of pre-and post-fire LiDAR data) were used in this study because no last return data were collected for the prefire LiDAR acquisition owing to instrument error. The absolute vertical accuracy of the LiDAR data, with respect to a standard geographic coordinate system, is 12 cm (95% confidence level), as measured by the vendor using a ground survey of 429 GPS points. The data were collected from an altitude of ∼700 m, resulting in a footprint diameter of roughly 20 cm for each laser pulse and an average laser scanning density of 4 points m −2 for the first return dataset. A 0.17-cm average vertical relative error between the pre-and post-fire LiDAR datasets was calculated from 285 points from road and bare-soil surfaces. In addition to the LiDAR data collection, two Enhanced Thematic Mapper Plus (ETM+) images were used to calculate the dNBR and estimate fire severity in the study site for comparison purposes (details below).
LiDAR-derived fire severity estimation
Across a vegetated area, the LiDAR sensor ideally records the bare ground elevation and the height in the canopy at which the laser is reflected. Fig. 2 compares the frequency distributions of pre-and post-fire LiDAR elevation data (ground and vegetation) within a 25-m 2 area for unburned, moderate, and high fire severity levels. These figures indicate vegetation in the study site is low (<40 cm) and sparsely distributed. Comparison of pre-and post-fire frequency distributions illustrates the change of canopy vertical structure from the fire and that the ratio of ground to vegetation returns varies according to fire severity. The aboveground-vegetation biomass difference (dBiomass) between pre-and post-fire is directly related to fire severity (F):
In plants, biomass is defined as the amount of dry weight, which relates to the volume of the live and dead vegetation in rangeland areas. Assuming the spatial structure of the sagebrushsteppe vegetation is distributed homogenously above ground (unlike some trees with large gaps between the ground and tree canopy), the biomass combustion can be related to the vegetation volume change before and after fire:
where dBiomass indicates the biomass reduction caused by fire, and V(pre-fire) and V(post-fire) are the vegetation volumes associated with the pre-and post-fire conditions. Considering a small area (s), which includes n LiDAR returns, vegetation volume (V) can be expressed as:
where h denotes the average vegetation height within s, z_LiDAR(i) is the elevation of point i recorded by the LiDAR sensor, z_ground(i) represents the bare-ground elevation of point i, and z_LiDAR and z_ground are the average z_LiDAR(i) and z_ground(i) of s respectively.Although ash and redistributed sediment can lead to changes in surface elevation after a fire, these changes are small with respect to the vegetation height change caused by the fire, even in a low-height vegetation ecosystem. Thus the biomass change is:
where z(pre-fire) and z(post-fire) are the average LiDAR elevations within s, d(z_LiDAR) is the average LiDAR elevation change and dh is the average vegetation height change before and after fire. Eqn 8 indicates it is not necessary to obtain the ground elevation to estimate the vegetation change between preand post-fire LiDAR datasets. We used the relative difference between pre-and post-fire LiDAR returns, equivalent to vegetation height change. Although the first return LiDAR data were C. Wang and N. F. Glenn used in this study, the pre-and post-fire LiDAR elevations may not represent the top of the canopy. Thus the LiDAR elevation differences may not accurately relate to the real biomass combustion for a specific point. However, over a rangeland area with enough LiDAR returns, the average LiDAR elevation difference (d(z_LiDAR)) or the average vegetation height change (dh) represents the biomass combustion; thus the fire severity (F) can be expressed as:
A 5 × 5-m area was selected as the basic analysis unit for fire severity assessment in this study. Based on the LiDAR scanning density of 4 points m −2 , the 25-m 2 area includes ∼100 laser returns.
dNBR-based fire severity estimation
To compare the LiDAR fire severity estimation with that from reflectance-based imagery, a dNBR-based fire severity assessment was also performed (Eqn 4). A related study (Norton et al. 2009 ) concluded that a Landsat-based relative dNBR (RdNBR; see Miller and Thode 2007) provides higher accuracy of fire severity in the study area in comparison to a dNBR. For demonstration purposes of comparing LiDAR-derived fire severity to a commonly used fire severity index, dNBR was chosen in this study. Pre-and post-fire Landsat ETM+ images from 4 July and 24 October 2005 were used. NBR images were calculated from the pre-and post-fire Landsat ETM+ images using Eqn 3. Imagery was first processed to at-satellite reflectance. Image rectification was performed after the dNBR was calculated in order to reduce error during resampling. The resulting Root Mean Square Error (RMSE) was less than 1/2 pixel (0.2621) after the image rectification process.
Results
Figs 3a, b represent LiDAR-derived vegetation height change (dh) and fire severity, while Figs 3c, d are the dNBR and dNBRbased fire severity maps for the study area. The determination of the threshold for each fire severity class is a critical factor because the thresholds directly influence the accuracy of the fire severity map.
From the 236 field samples, 118 were randomly chosen to establish the relationship between fire severity and dh and dNBR. Figs 4a-c represent the frequency distributions of dh for unburned, moderate and high fire severity levels respectively based on the 118 field measurements. These figures roughly indicate unique dynamic ranges of dh for each fire severity level. Fig. 4d illustrates the normalized frequency distribution for each fire severity, and also indicates the potential separability between fire severity levels. Likewise, the frequency distributions of dNBR and the normalized frequency distribution for each fire severity are presented in Figs 4e-h. A relatively large overlap between moderate and high fire severity classes in the dNBR indicates it may be difficult to separate the two classes with the dNBR alone (Fig. 4h) . The Jeffreys-Matusita (JM) distance was used as a separability measure between each pair of the fire severity levels. The JM distance between classes i and j is given by:
where f i and f j are the density functions for classes i and j respectively (Matusita 1966) . JM ranges from 0 to 1.414, with 1.414 corresponding to the largest separation. In the present study, f i and f j are the normalized frequency distributions. Table 2 indicates that all separability values of the dh dataset are higher than the dNBR dataset. In addition, for the dh dataset, although the separability of the pair of moderate and high severities is lower than the other two pairs, the average JM value of 1.14 indicates a relatively high separability overall.
The thresholds between the fire severities were determined according to the mean and standard deviation for each fire severity class. Assuming X and Y are the dh values that belong to two different fire severity levels, the threshold to separate X and Y is:
where E(X), E(Y) are the mean values with E(X) < E(Y), while σ(X ) and σ(Y ) are the standard deviations. Table 3 gives the mean and standard deviation values for each fire severity and the dh threshold for each pair. An average 1.51 cm or lower of dh was classified as unburned fire severity, areas with dh from 1.51 to 4.42 cm were classified as moderate fire severity, and areas with dh > 4.42 cm were classified as high fire severity. Table 3 also presents the statistical results and thresholds of the dNBR dataset for different fire severity levels. The classification maps of fire severity were obtained by applying these thresholds to the dh and dNBR datasets. The remaining 118 field points were used to evaluate the classification accuracies of the two fire severity maps (Figs 3b, d) , (Fig. 5 ).
Discussions
Comparisons illustrate higher JM values of dh data compared with dNBR data for all fire severity classes ( Table 2 ). The interclass separability of the dh data is especially improved for the moderate-high fire severity pair (i.e. from 0.65 of the dNBR data to 0.87 of the dh data). As a result, the dNBR-based accuracy for the moderate fire severity class is lower than that from the dh data (35 v. 86% for Producer's accuracy and 32 v. 64% for User's accuracy). The dNBR yields a lower overall accuracy of fire severity estimation than the dh method (65 v. 84%, Tables 4,   5 ). Overall, these results indicate the dh data and methods are superior to the dNBR for fire severity estimation in this shrubsteppe area. The dNBR accuracy results presented are similar to those by Norton et al. (2009) ; the slight differences are attributed to a smaller number of samples used in this study, as well as the methods used for separation of the fire severity classes. The different accuracies of the dNBR and dh-based fire severity are mostly related to the different foundations of the two methods -one is determined by the reflectance change and the other is the biomass combustion before and after fire. The low classification accuracy of the dNBR may be due to the senesced vegetation and low vegetation cover overall before the fire, which leads to a relatively similar reflectivity of pre-and post-fire conditions. However, the fire severity estimated from the LiDAR method will not be affected by the phenology. Fig. 5 indicates the separability of dh is better than that of dNBR for all fire severity classes in this study. Points of high dh associated with low dNBR may be caused by the presence of senesced vegetation before the fire. Another limitation of the reflectance-based fire severity may be related to the saturation of these indices. Epting et al. (2005) showed the linear relationship between dNBR and CBI breaks down when CBI > 2.Abdel Malak and Pausas (2006) also indicated the relationship between NDVI and fire severity was inactive when NDVI values reach a saturation level before the maximum biomass is reached. In contrast, the LiDAR dh for fire severity assessment is directly related to vegetation volume reduction.
LiDAR data often underestimate vegetation heights in lowheight vegetation ecosystems. However, our procedure for fire severity assessment avoids the derivation of absolute vegetation height in rangeland areas. Terrain slope is also an unavoidable factor that may influence LiDAR applications (Zhang and Whitman 2005 ), yet because the dh method computes the temporal difference between pre-and post-fire LiDAR elevation data, the influence of terrain slope is removed.
Conclusions
In sparsely vegetated shrub-steppe, the sensitivity of optical systems may not adequately detect the subtle reflectance differences that characterize rangeland ecosystems. As a result, optical data alone may be less appropriate for fire severity estimation. We have demonstrated in this paper a simple but efficient LiDAR-derived method for accurately mapping rangeland fire severity.
While LiDAR data offer detailed spatial and structural information about vegetation, hyperspectral data can provide detailed spectral information to detect vegetation between pre-and postfire conditions (van Wagtendonk et al. 2004) . Thus fusing LiDAR and high-spectral-resolution data may provide a more robust analysis of vegetation (see Mundt et al. 2006) . Indeed, a recent study in a forested ecosystem demonstrated an improvement in the estimation of fire severity by combining LiDAR and multispectral data (Mutlu et al. 2008) . Future studies should focus on better understanding the spectral sensitivity of multispectral and hyperspectral data for rangeland ecosystems such that the data may be fused with LiDAR data for fire severity estimations. Finally, although the LiDAR dh method for fire severity estimation was superior to spectral imagery in this study area, the acquisition of airborne LiDAR data is expensive and timeconsuming (scanning width is often less than 1 km), hampering its application to large geographic areas.
